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Abstract  In order to overcome the disturbance of noise, this paper presented a method to measure two-phase flow 
velocity using particle swarm optimization algorithm, nonlinear blind source separation and cross correlation 
method. Because of the nonlinear relationship between the output signals of capacitance sensors and fluid in pipe-
line, nonlinear blind source separation is applied. In nonlinear blind source separation, the odd polynomials of 
higher order are used to fit the nonlinear transformation function, and the mutual information of separation signals 
is used as the evaluation function. Then the parameters of polynomial and linear separation matrix can be estimated 
by mutual information of separation signals and particle swarm optimization algorithm, thus the source signals can 
be separated from the mixed signals. The two-phase flow signals with noise which are obtained from upstream and 
downstream sensors are respectively processed by nonlinear blind source separation method so that the noise can be 
effectively removed. Therefore, based on these noise-suppressed signals, the distinct curves of cross correlation 
function and the transit times are obtained, and then the velocities of two-phase flow can be accurately calculated. 
Finally, the simulation experimental results are given. The results have proved that this method can meet the meas-
urement requirements of two-phase flow velocity. 
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1  INTRODUCTION 

With the rapid development of science and tech-
nology, the two-phase flow system is becoming more 
and more important for human life and national 
economy. In metallurgy, chemical engineering, build-
ing materials and electricity generation industry, the 
bulk raw materials are ground into powder. Pneumatic 
transportation systems can greatly improve the trans-
portation efficiency, reduce pollution, cut down cost 
and improve the quality of products. Flow measure-
ment is important in industry. In addition, the velocity 
at which solids are transported in a pneumatic pipeline 
is significant for the user of the pipeline [1-4]. Exces-
sively high particle velocity will cause high-energy 
consumption, severe pipeline wear and particle deg-
radation. In contrast, insufficient velocity will cause 
particle stratification in the pipeline or even pipeline 
blockage which can result in an explosion.  

Cross correlation method has provided a power-
ful tool in solids velocity measurement, for its wide 
measurement range and good adaptability [5]. Sensors 
used in cross correlation method make flow free from 
an obstruction, so non-contact measurement can be 
realized. Because the signals obtained by sensors usu-
ally contain noise, which will bring great difficulties 
in searching for the peak of the cross correlation func-
tion curves. Although the filtering method based on 

the hardware can eliminate ordinary noise, the band-
width of signal is needed to be determined before the 
circuit design. It is very inconvenient to change the 
circuit after it has been designed. Both digital filtering 
method and wavelet transform need to know the 
bandwidth of signal as prior information to determine 
the related parameters. Because the output signals of 
the capacitance sensor are often polluted by noise, and 
the relationship among the output signals of capaci-
tance sensors, fluid in pipeline and noise is nonlinear, 
the nonlinear blind source separation, which can 
overcome shortcomings of the traditional filters, is 
used to eliminate noise. To overcome the disturbance 
of noise, this paper presents a method to measure 
two-phase flow velocity using particle swarm optimi-
zation, nonlinear blind source separation and cross 
correlation method.  

2  BASIC PRINCIPLE 

2.1  The principles of particle swarm optimization 
algorithm 

Particle Swarm Optimization (PSO) [6] was 
firstly proposed by Kennedy and Eberhart in 1995. It 
is a kind of evolution calculation method based on 
swarm intelligence, and the basic concepts of PSO 
roots in the research on colony movement of bird. 
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Particles are introduced to simulate birds in group. 
They fly in the problem space with a certain speed, 
and every particle has memory and represents one of 
candidate solution in the solution space. The current 
velocity and position of particle can be incessantly 
renewed and the global optimal solution can be ob-
tained at last. PSO algorithm needs less prior parame-
ters and can be easily controlled. The rate of conver-
gence is quick because it is of good parallelism. Dur-
ing the past decade, PSO algorithm has achieved great 
success in many industrial fields.  

Suppose the following scenario: a group of birds 
are randomly searching food in an area. There is only 
one piece of food in the area. None of them know 
where the food is. But they know how far the food is 
from their current position in each iteration. So the 
best strategy to find the food is to search for the area 
around the bird which is the nearest one to the food. 
PSO algorithm learned from the scenario and used it 
to solve the optimization target [7]. In PSO algorithm, 
each potential solution is a ‘bird’ in the search space, 
and we call it as ‘particle’. All particles have fitness 
values which are evaluated by the function to be opti-
mized, and have velocities which direct the flight of 
the particles and control the distances of the particles. 
The particles fly through the problem space by fol-
lowing the current optimum particles. PSO algorithm 
is initialized with a group of random particles (random 
solutions) and then searches for optimal value by it-
erations. In each iteration, each particle is updated by 
the following two ‘best’ values. One is the best solu-
tion which is gotten by itself so far. Another is the best 
value which is obtained by any particle in the popula-
tion so far.  

The mathematical representation of PSO algorithm 
is given as follows: Suppose there is D-dimensional 
search space, a community is composed of m particles, 
the ith particle represents a D-dimensional vector 

1 2( , , , )i i i iDx x x= ⋅ ⋅ ⋅X , 1,2, ,i m= ⋅ ⋅ ⋅ , namely, Xi is the 
position of the ith particle in the search space. In other 
words, the position of each particle is a potential solution. 
We can calculate the fitness value by Xi and target 
function. The position Xi is evaluated by the fitness value. 
The flight speed of the ith particle is D-dimensional 
vector as well, which is expressed as 1 2( , , , )i i i iDv v v⋅ ⋅ ⋅V . 
Let 1 2( , , , )i i i iDp p p⋅ ⋅ ⋅P  and 1 2( , , , )g g g gDp p p⋅ ⋅ ⋅P  be 
the current best position of the ith particle and the best 
position of the entire swarm respectively. 

The particle updates its velocity and positions 
with the following equations:  
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[ ( ) ( )]
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( 1) ( ) ( 1)id id idx t x t v t+ = + +         (2) 
which were firstly proposed by Kennedy and Eberhart 
[6], in which 1,2, ,i m= ⋅ ⋅ ⋅ , 1,2, ,d D= ⋅ ⋅ ⋅ , the accel-
eration factors c1 and c2 (or learning factors) are  

nonnegative constants, r1 and r2 are random number 
between [0,1], t is the iteration time. max max[ , ]idv v v∈ − , 

maxv  also is a constant which is specified by the user, 
if the value of maxv  is too large, the particle will pos-
sibly fly over the best solution. If the value of maxv  is 
too small, the particle will possibly sink into local op-
timal value. 

Shi et al. [8] developed Eq. (1) and then gave 
their opinion as follows: 
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where ω is a nonnegative value called inertia factor. 
We can balance the convergence rate and the ability of 
local search by adjusting the value of ω, because the 
ability of local search can be improved with small ω 
and the fast convergence rate can be obtained from 
large ω. ω can be obtained by linear descend functions 
or other nonlinear functions [8, 9]. Within a certain 
interval, it can make the algorithm be of much faster 
convergence rate in the early stage and stronger ability 
of local search in the later stage.  

2.2  The principles of blind source separation al-
gorithm 

Since the blind source separation [10] has been 
raised in 1980s, it has become one of the most active 
methods in the research area of signal processing. The 
blind source separation means that when the charac-
teristics of source signals and transmission channels 
are unknown, every component is estimated by some 
priori knowledge of observed signals and source sig-
nals. One of its key problems is the algorithm of 
separation matrix, which belongs to unsupervised 
learning. The basic idea of blind source separation is 
that the statistical independent features to be extracted 
are used as the input. Actually, most of the observed 
signals may be obtained by nonlinear mixed superpo-
sition. This problem is much more complicated than 
the linear problem, so the blind source separation 
methods of linear mixtures can’t be applied to nonlin-
ear mixed signals. At present, the research methods of 
blind source separation of nonlinear mixtures can be 
roughly divided into two categories. One is self-  
organizing feature mapping. This method can extract 
the nonlinear components by self-organizing feature 
mapping [11] without considering the form of the 
nonlinear mixtures. If the number of the source signals 
is large, the network complexity will have an exponen-
tial growth with the increasing number of source sig-
nals, and there will be interpolation error in separating 
the continuous source signals. The other one is that a 
nonlinear mixed model is based on the blind source 
separation of linear mixtures [12, 13]. This method 
usually gets the solution by Newton’s iteration method 
and gradient algorithm. But when they are used in the 
problem of nonlinear blind source separation, the 
global optimal solution can’t be easily obtained. So 
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the particle swarm optimization algorithm is used in 
nonlinear blind source separation in this paper. 

Supposing T
1 2( ) [ ( ), ( ), , ( )]nt s t s t s t= ⋅ ⋅ ⋅s  represents 

n source signals, and T
1 2( ) [ ( ), ( ), , ( )]mt x t x t x t= ⋅ ⋅ ⋅x  

represents m observed signals. Each of the observed 
signals is a mixture of the source signals, and the spe-
cific mixing method is unknown. Eq. (4) represents 
mixing process: 

( ) ( ) ( )t t t= +x As n              (4) 
where A is mixing matrix, and n(t) is noise.  

If W represents the separation matrix, and y(t) 
represents the output signals after the separation, 
while noise is ignored, y(t) = Wx(t). The purpose of 
blind source separation is that the source signals s(t) 
can be separated from the observed signals x(t) under 
conditions that source signals and mixing matrix are 
unknown. The separation methods to be adopted can 
make separation signals close to the source signals as 
far as possible. In other words, the process of blind 
source separation is to look for separation matrix W. 
When the signal with noise is separated, we can deal 
with the noise as a signal. However, the model of linear 
transformation may fail in some situations, the model 
of nonlinear transformation is more suitable for actual 
situations. And the relationship between the observed 
signals and source signals can be defined as [14] 

( ) [ ( )]t t=x F As                 (5) 

where T
1 2[ , , , ]nf f f= ⋅ ⋅ ⋅F  is a reversible nonlinear 

transformation functions matrix. If T
1 2[ , , , ]nf f f= ⋅ ⋅ ⋅F  

is linear one, then Eq. (5) is equivalent to Eq. (4). 
The nonlinear model is shown in Fig. 1. The 

mixing system can be divided into two parts. The 
source signals s(t) are mixed by the linear mixing ma-
trix A, then the output signal of each channel is trans-
formed by an independent nonlinear transform func-
tions fi. While the de-mixing system includes the in-
dependent inverse transform functions gi of each 
channel and the separation matrix W, then the output 
signals yi(t) can be defined as 

1
( ) [ ( )]

n

i ij j j
j

y t w g x t
=

=∑              (6) 

 
Figure 1  The nonlinear mixing and de-mixing model 

Because there is no prior knowledge of the mix-
ing system and the de-mixing system, the inverse 
transform function is uncertain. But most of them are 
symmetrical about the origin, so they can be fitted by 
odd polynomials of higher order. 
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[ ( )]i ig x t  in Eq. (6) can be replaced by Eq. (7) to get: 
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where T
1 2[ , , , ]j j j jpa a a= ⋅ ⋅ ⋅a  is the parameters of 

nonlinear inverse transform function of the jth channel. 

3  NONLINEAR BLIND SOURCE SEPARATION 
BASED ON PARTICLE SWARM OPTIMIZATION 
ALGORITHM 

There are many different forms of the evaluation 
function in nonlinear blind source separation algo-
rithms, such as the higher-order cumulants, mutual 
information and so on. We select mutual information 
[15] as the evaluation function: 
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(9) 
When the elements in y are statistically inde-

pendent with each other, the mutual information 
I(y) = 0. Using Gram-Charlie expansions, then H(yi) is 
changed to 

( ) ( ) ( )
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where 3 3
i ik m= , 4 4 3i ik m= − , ( ){ }E ki

k im y= . 
Before computing the mutual information of the 

signals, we should carry on the centralization and 
pre-whitenization of the signals. The goal of centrali-
zation of the signals makes the signals have zero mean 
values. This can be accomplished by subtracting their 
mean values in original signals. The purpose of 
pre-whitenization of the signals is to seek for the 
whitenization matrix D, which makes transformation 
output =y xD  be uncorrelated. As a result, the vari-
ance of y is one. When the value of I(y) gets the 
minimum, the signals are mutually independent. Un-
der the constraint of E(yyT) = I, then Eq. (9) can get 
the extremum. 

The main steps of nonlinear blind source separa-
tion based on the PSO algorithm are as follows: 

(1) Get the observed signals. 
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(2) Carry on the centralization and the pre-  
whitenization of the observed signals. 

(3) Initialize the particle group, the parameters of 
de-mixing function and separation matrix. Create 
random initial particles 1 2[ , , , ]nG G G= ⋅ ⋅ ⋅G , j =G  

1 2[ , , , ]j j jpG G G⋅ ⋅ ⋅  and separation matrix W. 
(4) Carry on the centralization and the pre-  

whitenization after each separation. Calculate the fit-
ness value of each particle according to Eq. (9). 

(5) Update the velocity and position of each par-
ticle according to Eqs. (3) and (2). 

(6) Enter the circulation, return to Step 4, until a 
termination criterion is met. Output the optimal solu-
tion in the end. 

4  EXPERIMENTAL RESULTS AND ANALYSIS 

The relationship between the output signals of 
capacitance sensors and fluid flow in pipeline is 
nonlinear, and this relationship can be approximately 
modelled as tanh(ax). This conclusion can be obtained 
from Fig. 2. Fig. 2 (a) shows relation between the 
output signal of capacitance sensor and the permittiv-
ity of the fluid. The data in Fig. 2 (a) are obtained us-
ing the simulation software COMSOL. The x-axis 
represents the permittivity of the fluid, and the y-axis 
represents the output signal of capacitance sensor. Fig. 
2 (b) gives the output curves of the function tanh(0.5x) 
with change of x. We can see the shapes of two curves 
are similar. So tanh(ax) is used as the model of 
nonlinear transformation function.  

 
(a) 

 
(b) 

Figure 2  The contrast of the output signal of capacitance 
sensor and the function tanh(0.5x) 

In order to verify the effectiveness of the method 
proposed in this paper, the data of simulation experi-
ment are provided. The original signals are obtained 
from upstream and downstream capacitance sensors of 
coal powder injection system in No. 3 blast furnace  
of Baoshan Iron ＆ Steel Co., Ltd. The outer and 
inner diameters of pipeline are 108 mm and 96 mm 

respectively. The length and width of the capacitance 
electrode are respectively 210 mm and 128 mm. The 
distance between upstream and downstream capaci-
tance electrodes is 240 mm. Two electrodes of up-
stream and downstream capacitance sensors are sym-
metrically fixed on pipeline respectively. Firstly, the 
upstream sensor signals S1 and white noise signals S2 
which are generated by ‘rand(n,n)’ function in Matlab 
are mixed by a linear mixing matrix: 

0.8376 0.6080
0.2742 0.7065
⎡ ⎤

= ⎢ ⎥
⎣ ⎦

H ,  i.e. 1 1

2 2

⎡ ⎤ ⎡ ⎤
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X S
H

X S
 

And nonlinear transform functions 1 =F 1tanh(0.2 )x  
and 2 2tanh(0.5 )=F x , thus we get two group mixed 
signals of upstream sensor; and we can also do the 
same thing on the downstream sensor. Secondly, the 
signals of upstream and downstream sensors are sepa-
rated from mixed signals by the method based on par-
ticle swarm algorithm and nonlinear blind source 
separation respectively. The cross correlation curves 
can be obtained by cross correlation calculation of two 
separation signals of upstream and downstream sen-
sors. The transit time of flow from upstream sensor to 
downstream sensor can be calculated by the correlation 
curve. The velocities of two phase flow are obtained 
according to the transit time. Table 1 is a velocity 
measurement results comparison. The second column 
in Table 1 is velocities obtained by original signals. 
The third column in Table 1 is velocities obtained by 
separation signals which are obtained by the method 
proposed in this paper. There might be some error in 
three groups of experiment results in Table 1, which 
can be possibly produced by the error of nonlinear 
blind source separation method. 

Table 1  Velocity comparison table 

Serial number Original signals 
/m·s−1 

The method in this 
paper/m·s−1 

1 8.33 8.06 

2 8.62 8.93 

3 8.93 8.93 

4 9.23 9.23 

5 10.42 10.42 

6 10.87 10.87 

7 11.36 11.36 

8 11.90 11.36 

Note: No transit time can be identified when conventional 
digital filtering is used. 

Figures 3 (a) and 3(b) respectively expresses one 
of output signals of upstream and downstream sensors 
after noises are added. The result in Fig. 3 corresponds 
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to the result of the 4th set of data in Table 1. The 
separation signals of upstream and downstream sen-
sors which are obtained by the method proposed in 
this paper are shown in Figs. 3 (c) and 3 (d) respec-
tively. And Figs. 3 (e) and 3 (f) are cross correlation 
curves before and after the proposed method is used. 

Before noises are added to the signals, the transit 
time is 26.0 ms, and after noises are added to the sig-
nals, the transit time which obtained by the proposed 
method [see Fig. 3 (f)] is still 26.0 ms. In Fig. 3 (e), 
the extreme cannot be identified from the cross corre-
lation curve when the mixed signals are processed by 
digital filtering method, so transit time can’t be ob-
tained. And other simulation results and the case men-
tioned above are the same. 

5  CONCLUSIONS 

Under the actual condition, measurement signals 
are usually composed with signals and noise, so the 
output signals of sensors are usually considered as 
mixed signals. This paper presented a method to ex-
tract useful signals from noises using nonlinear blind 
source separation. The simulation experimental results 
have proved the validity of this method. The distur-
bance of noises significantly decreases after output 
signals of capacitance sensors are processed by the 
method proposed in this paper, so the transit time can 

be more exactly obtained, and the calculation results 
of two-phase flow velocities are more accuracy. The 
signal processing system of this method is simpler and 
cheaper. Its noise filtering effect is better than the tra-
ditional digital filter. Therefore, the proposed method 
presents a new way and an effective means for two 
phase flow velocity measurement. This method has a 
wide development prospect and higher industrial ap-
plication value. But this velocity measurement method 
is only accomplished by simulation. At present, since 
it has not yet been used in actual measurement, it still 
needs further study and improvement.  
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